ABSTRACT This paper introduced a high-throughput pathological analysis algorithm by using of unsupervised K -means clustering principle and lab color space. The accuracy of this algorithm was verified by comparing with well-established commercially available software. For each type of pathological staining special for atherosclerotic plaque components analysis, accurate pathological analysis results could be obtained by selecting the appropriate cluster classification number (usually 3 to 5, but not limited to 3 to 5). Bland-Altman and linear regression analysis further confirmed that the self-developed algorithm correlated well with the well-established software (correlation coefficient R 2 ranged from 0.72 to 0.99). Moreover, the intra-and inter-observer coefficient of variation were relatively minor, indicating very good reproducibility. So we draw a conclusion that the self-developed algorithm could reduce the human interference factors, improve the efficiency, and be suitable for a large number of analyses of atherosclerotic pathology.
I. INTRODUCTION
Rupture of vulnerable plaques and subsequent thrombosis are the main cause of acute cardiovascular events [1] , [11] . Development of high resolution and functional imaging techniques is important to clinically identify vulnerable plaques, due to their advantage of high resolution and capability of plaque component identification [2] . Validation of such techniques is critical and relies on comparative pathological studies. In this sense, pathology can be viewed as one of the key hubs for translational research. Intravascular imaging techniques, like intravascular ultrasound, provide sectional information of the artery wall and lumen at the site where the probe catheter is located. In order to exhibit the entire lesion, the probe need be pulled back along the artery. Thus, the comparative analysis for validation involves not only between one cross-sectional image and one histological slice, but vast images and slices in a length of artery [3] .
Histological studies of atherosclerotic plaques involve analyses of multiple stains, immune-histological stains, proteomics, genomics, etc. [4] Recently, the focus at vulnerable plaques shed new light on modern histological studies in the area of atherosclerosis, by quantifying plaque components and providing evidence of vulnerable profiles like rupture or fissures of fibrous caps. Quantification of plaque component is the process of calculating the percentage of positive signals to the region of interest (ROI) on a predefined artery tissue area. Typically, one stain for one component and one slice for one stain. For example, Oil-red O stain is used to illustrate lipids, picro-Sirius Red stain for collagens, anti-RAM11 immuno-histological stain for macrophage. Most commercially available software provides macro tools for histogram analysis. Even in this batch processing, parameters including threshold of positive signal colors, ROI borders, etc. still need to be adjusted for each different case manually for optimal results. Obviously, histogram analysis system with minimal intervention is of great help to these tedious works.
In this study, a high throughput software package was developed primarily for histological component quantification of atherosclerotic plaques based on unsupervised K-means clustering and CIELAB color space method. Unlike RGB model, the CIELAB color is device-independent and describes all the colors visible to human eye, which is familiar to pathologists' perspective. Its component L closely matches human perception of lightness and the components a and b represent the red-green and blue-yellow shifts [5] . As one of the efficient methods for image segmentation, K-means clustering uses an iterative refinement algorithm to cluster pixels in an image into K subsets and provides an unsupervised method to extract the regions of interest [6] . The aim of this paper is to introduce the software development and validate the software on pathological results from atherosclerotic rabbit models.
II. ANIMAL MODEL AND HISTOLOGICAL STAINING
Fifteen pure-bred male New Zealand white rabbits, weighted 1.5-2.0 Kg (purchased from Xilingjiao Breeding Center, Jinan, China), were fed with high cholesterol diet (2% cholesterol plus base chew) for 24 weeks. By the end of the second week, the endothelium of the abdominal aorta was denuded with a dilated PTCA balloon via femoral artery access according to our previous work [12] . Animal use conformed to the Guide for the Care and Use of Laboratory Animals, US National Institutes of Health (NIH Publication No. 85 to 23, revised 1985) and the Animal Care Committee of Shandong University.
At the end of the 24 th week, animals were euthanized and the abdominal arteries were harvested after perfusion fixation by 4% paraformaldehyde for 30 minutes. The harvested tissues were freeze and paraffin embedded respectively. All the embedded tissues were sectioned transversely at the thickness of 5µm. Lipids were stained by Oil-red O on freeze embedded tissue slice. Picro-Sirius Red staining was performed on paraffin embedded slices for detecting collagen. Smooth muscle cells and macrophage were also identified by immune-histological techniques with anti α-actin (Code BM0002, Wuhan Boster Company, China) and anti RAM11 (Code M0633, Dako, Denmark) monoclonal primary antibodies respectively and secondary antibody kit (Code PV-9002, ZSGB-Bio Company, China). Each slice was observed by microscopy (10X and 20X, in turn) and images were stored as TIFF format.
III. ALGORITHM OF UNSUPERVISED K-MEANS CLUSTERING
The algorithm was developed with Matlab software. For the first image of the batch, the borders of artery intima and adventitia were outlined manually with freeform template respectively. These templates were stored and applied automatically for border delineation on the next pathological slice. Pathological slices for batch processing are typically sectioned in succession, and the outline of vessel wall is similar in neighbor slices. The stored templates can fit well into the next slice, or with minor correction.
The software first converts the colors of each pixel within the artery wall from the RGB color space to the CIELAB color space and then the pixels are clustered based on the components a and b by using K-means clustering method. Using the squared Euclidean metric as distance measure, the K-means clustering method was performed to cluster the pixels into three classes, four classes and five classes respectively. The optimal cluster number of K was automatically determined by comparing the cluster results based on the Calinski-Harabasz criterion. Finally, the stain cluster was manually selected with the reference of their lightness component L. The optimal cluster number K, the selection of lightness, and the cluster center values for each type of stain were recorded as training samples for the purpose of automatic extractions in the further.
IV. CLUSTERING PERFORMANCE ANALYSIS AND ACCURACY VALIDATION
Based on the clustering result, we can calculate the color index; that is, the percentage of positive signals to the ROI on a predefined artery tissue area; for further analysis. However, such an index gives only one number for the total artery wall, which is not feasible to compare with the supervised results given by pathologists to assess clustering performance objectively. In order to validate the accuracy of the clustering algorithm, we developed the following method to compare the similarity between the supervised and unsupervised results.
We divided the image into small blocks (M by N pixels) and those blocks covering the artery wall were selected and numbered automatically. For each clustered color i, the color index of X i was defined as
in which N is the total number of the numbered blocks and
, where m ij is the number of pixels of the classified ith color in the block j, and M j is the number of pixels of the covered region in the artery wall by the block j. L is the lightness component in CIELAB color. Similarly, the color index of the supervised results was defined as
in which y j = n j M j and n j is the number of selected pixels when analyzed by established commercially available software in the block j. Then, we can use the following index,
to compare the similarity between each clustered color i and the supervised selection, where x i and y are the means of x ij and y j , respectively. Histological images were analyzed by experienced pathologists blinded to each other with Image-Pro Plus 6.0 (IPP) package (Media Cybernetics, Cambridge, USA) and selfdeveloped algorithm. Two months later, one of the pathologists analyzed the images using the self-developed algorithm again with the sequence of images randomly re-arranged.
Following the instructions, the workflow of IPP package includes manual delineation of intima or region of interest (ROI), selection of positive signal color, integrated optical density measurement of positive signals and ROI, and data exportation. The percentage of positive signals to whole ROI was calculated manually. The workflow of the self-developed software described aforementioned, includes semi-automatical delineation of intima or ROI, selection of the positive signal color, and data exportation. The percentage of positive signals to whole ROI was calculated automatically and included in the exportation.
The correlation of results between IPP software and the self-developed algorithm was analyzed by Pearson correlation and Bland-Altman analysis. The inter-and intra-observer variation was calculated as
V. RESULTS
All animals survived at the end of the 24th week. Totally, we got 50 plaques and 400 pathological images. That is, 50 microscopic images for each staining (Oil-O Red and picro-Sirius Red staining, anti-α-actin and anti-RAM11 immunohistological stainings) under 10X magnitude and another 50 images for each staining under 20X magnitude. Take the Oil-O Red staining image for example, the intima was delineated semi-automatically with a freeform polygon template and minor adjustment. The clusters were generated and numbered simultaneously for cluster performance analysis (Fig. 1) . The calculated optimal cluster number is 3, and the image was re-coded by using the CIELAB space. Since lipid is stained as red, this color was selected as the positive signal. The percentage of the red signal to the whole intima was calculated and exported.
For each microscopic image, the similarity index R i (X i , Y ) between the clustered color number i and the supervised selection by IPP was calculated (Table 1) and plotted by the self-developed software (Fig. 2) . As for Oil-O Red and picro-Sirius Red straining, red is the optimal clustered color, whilst brown is more optimal for anti-RAM11 and anti-α-actin immunohisitological staining. The self-developed software performed better with higher magnitude microscopic images. The similarity index varied from 0.80 to 0.97 for 10X magnitude images, and from 0.96 to 0.99 accordingly for 20X magnitude images as shown in Table 1 .
To validate the accuracy of the self-developed software, we arbitrarily selected clustered color numbers as 3 to 5. Thus, it could be compared the difference of acquired positive signal ratios between IPP software and our software at optimal or non-optimal clustered color numbers. Paired T-test revealed non-significant difference between IPP results and those from the self-developed software at optimal clustered colors ( Table 2) .
The Bland-Altman plot revealed high agreement between ratios of the positive signals obtained by the two methods (Fig. 3) . Strong correlation between the self-developed software and IPP measurements could also be evidenced by Pearson correlation analysis (Fig. 2) with correlation coefficient square (R 2 ) varying from 0.95 to 0.99. However, R 2 for 10X The self-developed software held very good reproducibility, as shown in Table 3 . The intra-and inter-observer coefficient of variation for Oil-O Red and picro-Sirius Red staining was even smaller than those for immunohistological staining.
VI. DISCUSSION
Pathological analysis of atherosclerotic lesions has its own characteristics. Typically, several staining techniques including immunohistology, are encompassed on consecutive sectioned slices to illustrate different components within plaques. Other than tumor pathology focusing on nuclei and cellular heterogenecity, the analysis of atherosclerosis needs concentration more on the qualification and quantification of different plaque tissue components. Moreover, to identify the atherosclerotic plaques, the border of the intima, media and adventitia should be delineated first. The comparative study between atherosclerosis pathology and imaging techniques involves a length of the artery, which could result several hundreds of pathological slices. Although high throughput even automatic softwares for tumor pathology analysis have been reported, rare study was focused on such software suitable for atherosclerosis pathology.
In this study, we developed high throughput software suitable for atherosclerotic histology analysis. Algorithm based on CIELAB color space give the scenario similar to pathologists' visual perspective. The CIELAB color space is a non-linear transformation of RGB, and characterized by the luminance L along with the chromaticity indices a and b [7] . We also optimized the unsupervised K-means clustering method to enable the color cluster automatically and rapidly. The experimental results show that the segmentation threshold is reasonable and the image can achieve better segmentation results. In our study, we found that different staining methods have different optimal number of clusters. Since too large or too small K value can make clustering effect very poor, choosing appropriate K values need prior knowledge and many experiments [8] , [9] . The training template method for border delineation used in this study was especially suitable for consecutively sectioned slices, which is typical in the setting of atherosclerotic pathology. The K-means clustering method could even accelerate the software calculating time [10] .
To validate the self-developed software, we compared it with IPP software, which is commercially available and with well-established accuracy [14] . The IPP employs the optical TABLE 3. The intra-and inter-observer cofficient of variation of variation of the self-developed algorithm density approach to normalize some of the known inconsistencies in the preparation of histology slides. As for the index, positive signal ratio correlated very well between the two softwares. Fuchs et al. [13] reported more complicated algorithm like relational detection forests was put forward to overcome possible information loss in the preprocessing and normalization methods. Such algorithm is especially designed for detection of cell nuclei which is important in tumor pathology. However, in atherosclerotic histogram, tissue image data forms relatively distinct clusters. In such a color space, machine learning algorithm is efficient to separate the clusters and yield accurate color segmentation. As a result, high reproducibility of the developed software could also be demonstrated by the negligible inter-and intraobserver coefficient of variation.
VII. CONCLUSION
In this study, we put forward an algorithm based on unsupervised k-means clustering which is suitable to analyzing atherosclerotic pathology and might contribute to the computational pathology in comparative statistical analysis of atherosclerosis.
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